(ANNs) for the modelling of the relationship between rainfall and streamflow. Since multi-layer, feed-forward ANNs have the property of being universal approximators, they are able to capture the essence of most input-output relationships, provided that an underlying deterministic relationship exists. Unfortunately, owing to the standardisation of inputs and outputs that is required to run ANNs, a problem arises in extrapolation: if the training data set does not contain the maximum possible output value, an unmodified network will be unable to synthesise this peak value. The occurrence of high magnitude, low frequency events within short periods of record is largely fortuitous. Therefore, the confidence in the neural network model can be greatly enhanced if some methodology can be found for incorporating domain knowledge about such events into the calibration and verification procedure in addition to the available measured data sets. One possible form of additional domain knowledge is the Estimated Maximum Flood (EMF), a notional event with a small but non-negligible probability of exceedence. This study investigates the suitability of including an EMF estimate in the training set of a rainfall-runoff ANN in order to improve the extrapolation characteristics of the network. A study has been carried out in which EMFs have been included, along with recorded flood events, in the training of ANN models for six catchments in the south west of England. The results demonstrate that, with prior transformation of the runoff data to logarithms of flows, the inclusion of domain knowledge in the form of such extreme synthetic events improves the generalisation capabilities of the ANN model and does not disrupt the training process. Where guidelines are available for EMF estimation, the application of this approach is recommended as an alternative means of overcoming the inherent extrapolation problems of multi-layer, feed-forward ANNs.
The result is that the extremes in the training data set are scaled to the zero-one interval. If then (say) the largest values in the testing data set exceed those in the training set, then the former will not be reproduced by the model. Some latitude is provided by varying the range of standardisation to, for example, 0.2 to 0.8, but the ability of the ANN to extrapolate remains limited (see Minns (1996) and Minns & Hall (1996) ). Although the use of a linear activation function in the output layer may appear to offer a degree of extrapolation beyond fixed bounds, in practice the amount of extrapolation is then limited by the saturation of the nodes in the hidden layer. More recently, a more elaborate method of scaling the activation function to leave "room" for extrapolation has been proposed by Varoonchotikul et al. (2002) and Varoonchotikul (2003) , but at the expense of introducing an additional, initially arbitrary, parameter.
In addition, Imrie et al. (2000) have proposed that, in order to assist the ANN to extrapolate, a guidance system should be added to the output layer. However, the procedure suggested for determining an appropriate form for the guidance system involves the use of the testing data set, thereby disrupting the cycle of training and independent verification and introducing even greater dependence on the available input and output records.
Bearing in mind that ANNs are knowledge encapsulators, an alternative approach to extrapolating an ANNbased rainfall -runoff model might involve the introduction of extra domain knowledge about the catchment of interest over and above that contained in the available data sets. For example, in determining the capacities of spillways for large dams whose failure may involve heavy loss of life, design engineers have adopted as their standard an Estimated Maximum Flood (EMF), which is intended to approximate the physical upper limit of catchment response to the Probable Maximum Precipitation (PMP). More realistically, the EMF might be defined as the flood with a very small, but non-negligible, probability of annual exceedence. The importance of EMF estimation to public safety, and the position of the design engineer in legal terms, has resulted in many countries adopting standard procedures for EMF estimation. In the United Kingdom, for example, the EMF is estimated by a procedure that is an extension of the unit hydrograph plus design storm approach in the UK Flood Studies Report (NERC 1975) , which has been perpetuated in 
HYDROLOGICAL DATA
Hydrological data were obtained for six catchment areas in the south west of England (see Table 1 
NEURAL NETWORK MODELLING
In all cases, a multi-layer perceptron (MLP) ANN was employed for rainfall -runoff modelling, with the weights determined by error back-propagation. Sigmoidal activation functions were used at all nodes in the hidden and output layers. Before presentation to the networks, all series of events were converted into time series. In some cases, the serial order of the recorded events was changed to obtain closer coincidence between the end of one recorded event and the start of the rising limb of its successor. Where the flow discrepancies between recessions and rising limbs were too large, the recorded recessions were extended artificially, assuming the logarithms of flows were reducing linearly.
The sections of the rainfall time series corresponding to the flow recessions were infilled with zeros.
The configurations of the ANN models were determined initially by trial and error, with different selections of inputs and different numbers of hidden nodes. The best results in this study were obtained with five inputs: two antecedent rainfalls, the concurrent rainfall and two antecedent flows. In all cases, the output consisted of one value of concurrent flow. For these trials and for all subsequent experiments, the available data were divided into three subsets. The first subset, comprising some 40% of the data, was used for training, with another 20% reserved for cross-validation and the remaining 40% for testing. The networks are initially run with the training subset, the backpropagation algorithm ensuring that the mean square error between observed and computed outputs decreases with repeated presentations ("epochs") of the input data.
However, every 100 epochs, the mean square error of the cross-validation subset is checked. Once the latter measure reaches a minimum, the training is terminated, thereby ensuring that the ANN does not "overlearn" and retains an ability to generalise beyond the events in the training data subset. This facility was a standard option in the Neurosolutions software that was employed in this study.
There were three phases to the experiments that were undertaken with the data sets from all six drainage areas.
For convenience in presentation, only the results from the Thrushel catchment will be presented in detail, since /s, no matter how large the rainfall inputs were as shown in Figure 1(a) . These results demonstrate once more the exceptional performance of ANN models to reproduce the rainfall -runoff relationship for a given catchment with well-posed input and output data sets and highlight the poor extrapolation properties of these models for the unwary user.
The objective of the study was then to improve the extrapolation performance of the ANN without decreasing the level of performance already demonstrated in Phase 1.
In Phase 3, the estimated maximum rainfall profiles and EMF hydrographs derived from application of the Flood Studies Report procedure were added to the original training subsets of all six catchments. The EMF peaks (see Table 1 ) represent events that vary between 6 and 20 times the magnitude of the largest peaks contained within the period of available record, and therefore present a considerable challenge in training an ANN model. Taking again the example of the River Thrushel, the learning process was slowed considerably, although after some 10,000 epochs the EMF peak had been successfully reproduced. The training continued to improve, but even after 60,000 epochs, the performance in testing was notably poorer than before the addition of the EMF. In particular, the hydrograph recessions were consistently overestimated in the testing data set, The adoption of this approach is therefore recommended for those areas in which procedures have been established for the estimation of EMF hydrographs. In this way, the inherent extrapolation problems of a neural network based solely on measured data may be overcome using physical insight into the catchment behaviour rather than a mathematical sleight of hand.
